Understanding how microbial communities respond to environmental change requires 14 knowledge of the main drivers of their community structure, diversity and potential resilience. 15
more sensitive to warming and other anthropogenic stressors than the littoral communities and 29 may reorganize significantly in the chan ging climate. A better understanding of factors 30 structuring bacterial communities in ecosystems that undergo rapid changes, including Lake 31
Baikal and other northern lakes, will allow us to better predict the overall ecosystem responses to 32 anthropogenic stressors. 33 
34

SIGNIFICANCE (120 words) 35
This study is the first to identify distinct bacterial assemblages in Lake Baikal during summer 36 stratification and link them to specific environments. Multiple linear regression and model 37 averaging show that community diversity is driven by richness in the mixed layer (ML) and 38 evenness in the deep waters (DW), and we identify environmental covariates that explain these 39 contrasting trends. Network analyses reveal assemblages specific to ML and DW, where 40 phylogeny reflects preferred environments. We then use PICRUSt to predict metagenomes and 41 reveal that redundancy is lowest in the coolest areas of ML, potentially placing them at greatest 42 risk of microbial functional diversity loss. This is a significant step towards understanding and 43 addressing challenges faced by microbial communities in a changing world. 44
INTRODUCTION 46
The ecological importance of microorganisms in aquatic systems has been recognized at least 47 since the appearance of "ooze" in Lindeman's trophic energy transfer diagram (1). Their central 48 place in material and energy fluxes is now recognized for nearly all nutrient cycles, with greater 49 relative importance of prokaryotic organisms in more oligotrophic systems (2) . The advent of 50 next-generation sequencing, combined with environmental monitoring, enabled new discoveries 51
Bacteroidetes and Cyanobacteria on the 3 µm fraction, the latter owing to filamentous taxa. 144
Indeed, the top three most differentially abundant taxa identified with permutation-based 145
analyses (24) Chthoniobacter. The latter is reportedly incapable of growth on amino acids or organic acids 160 other than pyruvate, suggesting the taxon is likely involved in the breakdown of partially 161 oxidized organic carbon. Together with Bacteroidetes Sediminibacterium and Cytophagia, and 162
Betaproteobacteria Limonhabitans and Polynucleobacter, the six OTUs make up ~46% of each 163 in the upper mixed layer (ML) and deeper waters (DW). Overall, richness and evenness strongly 170 correlated with temperature in the ML and with depth in DW. For each sample, we calculated the 171 effective number of species (ENS), a measure of diversity (25) (26) (27) . Hill (25) identified ENS as 172 the number of equally-common species that yields a given value of a diversity index, such as the 173 Shannon H'. Jost et al. (26) have argued that because ENS scales linearly with richness of 174
equally-common species, it is the preferred metric for quantitative analyses (see Supplementary 175
Methods). We show that the ENS increased with depth in DW ( Fig. 2A) and was driven by an 176 increase in evenness ( Fig. 2C ) with no accompanying trend in OTU richness (Fig. 2B ). In the 177 ML, ENS showed a modest increase at the surface in samples collected at 0 m (Fig. 2B ). Unlike 178 in DW, higher ML diversity was generated by higher OTU richness (Fig. 2B) , while evenness 179 remained unaffected. Mixed layer diversity was positively correlated with temperature ( Fig. 2D) , 180 along with OTU richness (Fig. 2E ). Deep water diversity and richness were marked by high 181 variability with respect to temperature, and richness showed a marginally significant increase in 182 samples from cooler water. Evenness was not directly correlated with temperature in either layer 183 (Fig. 2F) . Furthermore, in mixed layer, richness had a greater response (slope) to temperature 184 than diversity did, suggesting that samples at higher temperatures and shallower depths, while 185 supporting the greatest richness, were dominated by a few successful OTUs. This could be due to 186 support more diverse communities. But ML diversity, while rich in OTUs, is highly uneven, 199 whereas the deep water communities achieve diversity by increasing evenness. The trends were 200 similar for the 3 µm size fraction (Fig. S7) . To better resolve underlying drivers that underpin 201 these contrasting community features, we modeled ENS diversity, richness, and evenness with 202 measured environmental variables using iterative multiple regression and model averaging (11) . 203
Diversity trends in the ML were different, compared with deep waters. Diversity in the mixed 204 layer correlated the most with temperature and total dissolved silica (TDS) (Fig 3A) . These 205 covariates were also responsible for driving the OTU richness, while no measured environmental 206 variable was a reliable predictor of ML evenness (Fig. 3B) . Depth was not an important predictor 207 for any ML community feature (Fig. 3C) . These results highlighted the importance of 208 temperature and silica in driving the ML diversity, by elevating OTU richness. In the deep 209 waters, total phosphorus (TP) and depth correlated with ENS (Fig. 3D) . Furthermore, only TP 210 was a significant predictor for the deep water OTU richness, while only depth was for evenness 211 (Fig. 3E, F) . Temperature, when controlling for other covariates, was not an important 212 community feature predictor in deep water. The importance of temperature in ML and depth in 213 DW was not unexpected, considering that the surveyed ML spanned hundreds of kilometers 214 across all three Baikal's basins and multiple bays, where temperature ranged from a median 215 9.5°C in open waters to 21°C in Proval Bay (Fig. S1 ), while DW was characterized by a large 216 range of depths from 10 to 500 m and a relatively constant temperature environment. 217
Additionally, nutrients appeared to associate specifically with OTU richness. Dissolved silica, 218 combined with light availability in ML, is known to promote diatom growth. Diatom exudates, 219 acting as resources, could create additional niches, enabling coexistence of a greater number of 220
OTUs. In deep waters, TP could promote OTU richness by supporting higher phosphorus 221 demands often attributed to fast-growing copiotrophic organisms (28) . Logue and colleagues 222 (29) found TP alone to be significantly correlated with OTU richness in a survey of Swedish 223 lakes. Our results suggest that eutrophication leads primarily to an increase in the overall number 224 of OTUs, but also to dominance of those with opportunistic lifestyles. samples in environmental space using all measured covariates. In all panels, colors reflect major 251 recognized regions of lake Baikal (15, 22) . In (A) and (B), numbers below bubbles indicate 252 sample depth (m), and arrows show correlation of environmental covariates with the layout of 253 sample points in ordination space. Each arrow length = R 2 ; p-values were obtained using 254 permutations. In (A), ellipses were drawn to aid visualization. 255 
C
Environmental conditions, and not the distance, played a dominant role in structuring free-256 living mixed layer communities. Reciprocal causal effects models test the hypotheses for 257 significant correlation between the community dissimilarity matrix and each of the geographic 258 distance and environmental distance matrices, while controlling for the other. We found that, 259 when controlling for environment, geographic distance had no correlation with community 260 dissimilarity. However, when controlling for geographic distance, community structure did show 261 a significant correlation with the environment (R 2 =0.33, p<1x10 -6 ). Our results are consistent 262 with the majority of other studies in freshwater (32, 33) and marine systems (34) , which usually 263 note stronger effects of environment on species composition, compared with dispersal. 264
Temperature, depth, and total dissolved nitrogen (TDN) were the strongest environmental 265 covariates with multivariate dissimilarity trends among free-living communities ( further considered an ordination of samples just from the ML (Fig. 4B ). Among the ML samples, 272 temperature was still the strongest predictor of community dissimilarity (R 2 =0.56, p=2x10 -4 ), and 273 TDS was also significant (R 2 =0.36, p=0.012). Notably, these were also the only two model-274 averaged important predictors of OTU richness and ENS in ML ( Fig. 2A, B) . However, TN and 275 TDP were also significant predictors of community dissimilarity in ML (Fig. 4B ), although they 276 did not show an association with alpha diversity metrics ( Fig. 2A , B, C). As expected, depth was 277 a not a significant predictor of community dissimilarity in the ML. Lastly, we investigated 278 whether the same environmental variables that predicted differences in microbial community 279 structure also accounted for major abiotic differences between sampled sites. For this, we 280 constructed a PCA of mixed layer samples using all measured environmental factors (Fig. 4C) . 281
The first two principal components captured 89.8% of the variation. TDS and light had the 282 highest scores of all environmental variables. Furthermore, they were almost parallel to PC1 and 283 PC2, respectively, suggesting that the two were responsible for explaining most of the measured 284 abiotic differences between sampled ML sites. While TDS was a significant environmental 285 covariate in ordination of biotic community structure, light was not (Fig. 4B ). Indeed, light was 286 also not a significant predictor of biotic alpha diversity metrics (Fig 2) . In an opposing example, 287 TDP was the least important predictor of abiotic differences in ML (Fig. 4C) ; however, it was the 288 second most significant predictor of biotic dissimilarity in ML (Fig. 4C ). These features 289 highlight that changes in microbial community structure were not correlated with simply the 290 most variable environmental covariates, and that significant associations of particular 291 environmental factors warrant attention in further studies. 292 293 OTU co-occurrence networks. To gain more insight into bacterial community structure in Lake 294
Baikal and its dependence on the abiotic drivers and to identify OTUs that tend to co-occur, we 295 constructed an OTU co-occurrence network. Co-occurrence networks enable data-guided 296 identification of OTU assemblages and correlation of their abundance with continuous 297 Supplementary Methods). Importantly, although 105 OTUs appeared to be a large reduction 314 from the total >38,000 detected in Baikal, the network OTUs amounted to over >81% of 315 cumulative relative abundance of every sample in >85% of samples. For the remainder of the 316 samples, coverage averaged 63% ± 17%. Environments that were better observed had more 317
OTUs in the networks. Lower coverage environments included the notable outliers collected at 318 500 m, 300 m in Southern Basin and at the surface of the eutrophic Proval Bay and Selenga 319
River plume. Thus, with network analyses we used non-categorized continuous data to directly 320 capture the vast majority of microbial community and environmental covariate data, revealing 321 the dominant groups of co-occurring OTUs and their association with major environmental 322
drivers. 323
The resulting network exhibited the "small world" properties (Fig. S10) . Small world 324 networks are characterized by high connectivity between neighboring nodes and low 325 connectivity between distant nodes (35) , creating clusters or modules of consistently co-326 occurring OTUs. Within each module, OTUs with many connections (central nodes) are thought 327 to reflect the processes that bring together module members. Small world networks may be more 328 robust to perturbations but changes to the abundances of the central, well-connected OTUs may 329 disproportionately affect the whole modules (36) . 330
Using the optimal modularity approach (16, 37), we identified four modules of OTUs that 331 tend to co-occur across sampled sites (Fig. 5A ). Strong cohesion (see Supplementary Methods) 332
within Module 1 (M1; clustering coefficient, CCM1=0.68; Table S1 ) and Module 3 (M3; 333 CCM3=0.82) suggested common drivers for the consistently co-occurring OTUs. In contrast, low 334 cohesion within Module 2 (M2; CCM2=0.54) and Module 4 (M4; CCM4=0.58) pointed to a looser 335 internal structure. 336
Module eigenvectors (17) or M1 and M3 revealed opposing monotonic relationships with 337 respect to environmental covariates (detailed introduction in Supplementary Methods). M1 338 showed a negative monotonic relationship with depth (Spearman ρ=-0.70, p=3x10 -6 ) and a 339 positive relationship with temperature (ρ=0.71, p=3x10 -6 ). In contrast, M3 had a strong positive 340 relationship with depth (ρ=0.82, p=5x10
-10 ) and a negative relationship with temperature (ρ=-341 0.82, p=5x10 -10 ). As expected, the direction of the opposing trends for the two clusters was 342 reversed for light, owing to its inverse relationship with depth (Fig. 5B) . Thus, we found that a 343 large fraction of Baikal's planktonic prokaryotes can be classified into one of the two cohesive 344 clusters: mixed layer "warm" M1 and deeper waters "cold" M3 cluster. 345
Modules M2 and M4 (Fig. 5a ) showed inverse opposing unimodal (non-monotonic) trends 346 with depth, temperature and light (Fig. 5B, C) . Weaker clustering within these modules 347 suggested less cohesion, possibly due to the inclusion of taxa with weaker habitat preferences or 348 terrestrial or riverine dispersal. M2 showed highest cumulative relative abundance at an containing numerous carbohydrate-active enzymes covering a large spectrum of substrates from 363 plant, algal and animal origin (38). In aquatic systems, Bacteroidetes have been noted to follow 364 pulses of organic matter inputs and cyanobacterial blooms (39). This further casts M1 as a warm 365
water ML module and M4 as the loose product of sediment and terrestrial input. 366 M1 is the only module to contain members (three OTUs) of the Chloroflexi phylum. 367
Although Chloroflexi have been found in diverse environments, including oxygenated (its type 368 genus) and anoxic (40) hot springs, the CL500-11 clade -a subclass of the deep-ocean SAR202 369
clade -has been suggested as characteristic of oxygenated hypolimnia in deep lakes, including 370
Crater Lake (41), Lake Biwa (42) and the Laurentian Great Lakes (43). However, the three 371
Chloroflexi OTUs detected in our Lake Baikal network were from the Chloroflexi class (two 372 OTUs) and Roseiflexales order (one OTU), and, as part of M1, appear to prefer warmer and 373 shallower environments in the lake. 374
The cold deep-water cluster M3 had the highest relative abundance of OTUs in unclassified 375 phyla. While the module also contained characteristically terrestrial Gammaproteobacteria 376
Pseudomonas and Acinetobacter, their low connectivity suggested they are unlikely to play a 377 central role in M3 processes. 378 M2 is the only module with Cyanobacteria; the module's three most abundant OTUs -379 indeed, second and fourth most abundant in the entire >38,000 OTU dataset -classified as 380
Synechococcus. Cumulative relative abundance of Synechococcus OTUs peaked at ~15 m, 381 reflecting the approximate location of deep chlorophyll maximum at stratified stations. To 382 further understand internal structure of the four modules, we focused on central OTUs that 383 played important roles in creating the module structure. 384 385 Central OTUs in each module reflect module ecology. The meaning of a node (in our case 386 OTU) position in the network is the subject of much discussion. A central OTU has a significant 387 positive correlation with a large number of that cluster's OTUs. We offer one abiotic and one 388 biotic interpretation, resulting from two explanations for the presence of network clusters in the 389 first place. First, clusters of OTUs that correlate with important environmental covariates, like 390 temperature, could reflect abiotic habitat filtering. In this case, OTUs in modules with higher 391 clustering coefficients would more consistently reflect environmental conditions associated with 392 that module. For example, every OTU in M3, which has the highest clustering coefficient ( Table  393 S1), shows clear negative relationship with temperature (Fig. S12) . 
Phycisphaerales becomes useful in the oligotrophic hypolimnion of Baikal. In contrast to the 423 most central but not abundant OTU in M1, OTU022 is also the most abundant in M3, which is 424 the most tightly clustered module in the network (Table S1 ). These data suggest Phycisphaerales 425 may substantially contribute to nutrient cycling below the thermocline with direct impacts for the 426 rest of M3. 427 428 Functional Redundancy, calculated as the ratio of the number of OTUs in the sample which 429 genomes could be characterized using PICRUSt to the number of unique KEGG orthologs (KOs) 430 in each sample, increased with temperature in the mixed layer (Fig. 6 ) and was highest in bays. 431
This may be because littoral (nearshore) zones are expected to exhibit more variable 432 environments, supporting co-existence of functionally redundant species. Functional redundancy, 433 where more than one species perform a similar function, enables greater functional stability of 434 ecosystems in the face of perturbations, including environmental change (48). The positive 435 relationship with temperature suggests that, because of the lower functional redundancy, 436 microbial communities in cold surface waters of Lake Baikal may be more vulnerable to the loss 437 of functionality following disturbances. In deep waters, functional redundancy increased with 438 depth (Fig. 6) . PICRUSt-inferred genomes and KOs were determined using the PICRUSt tool. 451 452
In summary, our first extensive survey of Lake Baikal's bacterioplankton revealed that 453 temperature and nutrients are the major drivers of the microbial community composition, 454 diversity and functional redundancy, so that the anthropogenic changes in these factors would 455 
SUPPLEMENTARY MATERIALS
MATERIALS AND METHODS
1
Sampling and environmental contextual data 2
The survey was guided by the recorded natural history of Baikal (1, 2) that divides the 3 lake into eight distinct regions. We collected samples from 24 spatial locations, where 10 of 4 those locations were sampled at various depths for a grand total of 46 samples across the 5 lake (Fig. S1) Carlsbad, CA), following manufacturer's protocol. Then, the V4 region of the 16S rRNA gene 50 was sequenced using dual-index primers as described previously (7). After PCR 51 amplification, the products were normalized and pooled. Amplicon sequence processing 57
The FastQ output files were processed using mothur, following general MiSeq protocol 58 and the options below (7, 8) . Sequences were aligned to a full SILVA v.119 database. 59
Chimeras were removed with UCHIME in mothur environment. The remaining sequences 60
were classified with a naïve Bayesian RDP classifier (9) Coverage for sequenced samples varied between 24348 and 76838 ( Fig. S5, left) , and was 65 rarefied to the lowest coverage sample i.e. 24348 reads (Fig. S5, right) . 66 67
Multiple regression 68
We used the brute force approach to multiple linear regression (exhaustive search, 69 followed by model selection) to determine the relationship of community richness, diversity, 70 and evenness with measured environmental variables. Richness was taken as the number of 71
OTUs in each sample. This comparison was possible because our sampling effort was 72 rarefied in mothur (see above). The effective number of species (ENS), represented diversity 73 and was calculated using the Shannon diversity index H' (10, 11) , as shown in Eq. 1.
Eq. 1 76 77
It was important to use ENS because, unlike diversity indices, such as Shannon and Simpson, 78 ENS has a linear response to change in community diversity -a necessary property of a 79 response variable in quantitative modeling (10, 11) . Statistical modeling and model selection 80
were performed with the glmulti package in R (12 Mantel tests for their Type I error rates, and proposed reciprocal partial mantel as a solution 97 (15) , later expanding to a more sophisticated "relative support" technique -also based on 98 partial Mantel tests (16) . Rousset criticized all Mantel-based options in favor of mixed effects 99 regression methods (17) because they are not robust when there is autocorrelation in the 100 environment matrix. In a summary review, Cushman conceded that LME is indeed the best 101 method for decoupling the effect of spatial dispersal and selection; however, that doesn't 102 mean reciprocal partial mantel tests are inappropriate, especially if autocorrelation in data 103 is weak (18 Geographic distance between sampled sites was calculated with the geosphere R package 109 using the Vincenty Ellipsoid model. Mantel test was performed using the vegan R package. 110
Because the geographic distance matrix was not normally distributed (Fig. S13) , we used the 111 rank-based Kendall test statistic option in the Mantel tests. 112 113
Ordination was done in the phyloseq package (14) and modified for visualization with a 114 custom R script. NMDS plots are freely rotatable and scalable, and Co-occurrence matrix and network construction. The OTU co-occurrence matrix was 122 calculated for OTUs that were present in 80% of all samples (109 OTUs) with sparCC 123 software (19) , as recommended in best practices for co-occurrence network construction by 124 Berry and Widder (20) . Significance values for correlations were bootstrapped, as described 125 by sparCC authors, and then corrected for multiple testing using FDR manually in R with a 126 custom script. Positive co-occurrences with adjusted p < 10 -5 were used for downstream 127 analyses. The network was constructed, displayed and analyzed using the iGraph package 128 (21) in the R environment. Two pairs of OTUs that were only connected to each other but 129 not the rest of the network were removed, resulting in 105 OTUs in all subsequent analyses. 130
Comparison with simulated networks. We compared basic network statistics with null 131 distributions of two types of simulated networks. First, we created 10,000 random Erdös-132
Rényi networks, which were undirected, without loops and used the gnm model with the 133 same number of nodes (105) and edges (814) as our Baikal network. We also created 10,000 134 small-world Watts-Strogatz networks with 105 nodes and replacement probability p=0.05. 135
Average path length and the clustering coefficient (transitivity) of the lake Baikal network 136 were compared to distributions of simulated networks (Fig. S10) . Two-tailed p-values for 137
Baikal network statistics were calculated as the number of simulated observations greater 138 than the absolute values of the Baikal network divided by the total number of simulations. 139
The network exhibited small world properties. Both overall CS (0.618) and the average 140 path length (AP=2.62) were much higher than random Erdös-Rényi simulations (CC 141 mean=0.150, p=0, n=10,000; AP mean=1.93, p=0, n=10,000; Fig. S10a ) and higher than 142 small-world Watz-Strogatz simulations (CC mean=0.514; p=0, n=10,000; AP mean=2.27, 143 p=0, n=10,000; Fig. S10b ). The basic network statistics are summarized in Table S1 . 144
Small-world properties place greater topological importance on central nodes (nodes 145 with many connections) and to a lesser extent bottlenecks in maintaining the network 146 structure. Hubs can be defined as nodes with high eigenvector centrality, and bottlenecks as 147 high betweenness nodes. Hubs are well-connected, in many cases to other well-connected 148 nodes and are therefore considered topologically more central. In an ecological co-149 occurrence network, they have been hypothesized to mediate processes important to their 150 neighbors (22 power to explain variation in other OTUs. In PCA, the first principal component (PC1) is the 176 best summary of OTU abundances in each sample. Thus, we ran an independent PCA for OTU 177 members of each of the four modules and used PC1 for each module as a summary of its 178 abundance across samples. The PC1s were correlated with measured environmental 179 variables (Fig 5b, c) . 180
Phylogenetic signal calculation. We first constructed a phylogenetic tree of OTUs by 181 computing pairwise DNA distances using the K80 model and constructing a tree with the 182 bionj algorithm (26) . Phylogenetic signal was detected using a modified phylo.signal.disc R 183 script developed by Enrico Rezende (Universidad Autònoma de Barcelona). This function was 184 used in several studies to reveal a phylogenetic signal in discrete traits (27) (28) (29) (30) (31) (32) Multiple regression 261
Trends on the particle-attached 3um fraction were similar to the free-living 0.22 um fraction 262 (Fig. S6, S7 ) 263 264
Multivariate statistical analyses 265 Dissimilarity matrices based on phylogenetic distance metrics (unweighted and 266 weighted unifrac) correlated very highly with phylogeny-free Jaccard and Bray-Curtis 267 matrices (Fig. S8 ) and were concluded not to add significant additional information to 268 modeling the multivariate community structure. 269
Ordination of the 3um fraction showed similar results to the 0.22um fraction (Fig. S9) . 
